The number of applications associated with OpenStreetMap (OSM), one of the most famous crowd-sourced projects for volunteered geographic information (VGI), have increased because OSM data is both 'free' and 'up-to-date'. However, limited by the ability of the providers, the quality of the collected data remains a valid concern. This work focuses on how to assess the quality of OSM via deep learning and high-resolution remote imagery. First, considering that high-resolution remote sensing imagery is clear enough for recognizing buildings, we proposed using multi-task deep-convolutional networks to extract buildings in pixel level. The extracted buildings were converted into polygons with geographical coordinates, which were treated as reference data. Then, OSM footprint data were matched with the reference data. Quality was assessed in terms of both positional accuracy and data completeness. Finally, the building footprint data of OSM for the city of Las Vegas, Nevada, USA, were evaluated. The experiments show that the proposed method can assess OSM effectively and accurately. The results show that building extracted by the proposed method can be treated as a new data source for assessing OSM quality and can also be used for urban planning in regions where OSM lacks building data.
I. INTRODUCTION
Due to the development of Web 2.0 and sensors, an increasing number of crowd-sourced projects are being applied by users, which also involves user-generated content (UGC). Recently, the use of user-generated geographic data (e.g., volunteered geospatial information; VGI [1] has increased substantially in geographic information science (GIS). Most countries have a national mapping or cadastral agency to collect geospatial data. However, limited by the condition that only a few of these collected geospatial data are accessible by the public, the crowd-sourced project OpenStreetMap (OSM) has become increasingly famous. It has been used to optimize freight transport in route planning systems [2] , refining building-level population estimates via multi-class dasymetric mapping and interpolation by surface volume integration [3] , generating land-use maps [4] and so on. Moreover, considerable research has been conducted using The associate editor coordinating the review of this manuscript and approving it for publication was Waleed Alsabhan . OSM, including generating highly detailed 3D CityGML models [5] , identifying urban sprawl [6] and utilizing navigation applications [7] . OSM is widely used for the following reasons: it is free, up-to-date, and provides global coverage even for less developed parts of the world [8] .
OSM is an open and editable data source in which each user can be both a producer and a consumer. Although OSM completed the bulk import of comprehensive street and highway data for the United States from the Topologically Integrated Geographic Encoding and Referencing system (TIGER) in 2007 and 2008 [9] , the OSM data in other countries and data on US buildings are still being collected and updated by the volunteers. Thus, building completeness and quality in OSM data is still an issue. Reliable data are necessary for all applications and research products. The quality of user-provided data is considered doubtful in the geospatial information community; thus, assessing the quality of such data is necessary before application [10] . Several studies have investigated the quality and attributes of VGI data and proposed algorithms and models [11] - [15] . These methods can be divided into quantitative and qualitative analyses depending on whether reference data are used [16] . Quantitative analyses assess OSM by matching the VGI dataset with authoritative dataset to evaluate the quality. This approach is intuitionistic, reliable and quantifiable and such analyses have been widely used in many countries, including Canada, Germany, Britain and China [17] , [18] . Qualitative analyses are intrinsic methods that assess the quality of OSM without a reference dataset. A different classification of intrinsic indicators has been presented to assess VGI quality, such as data indicators, demographic indicators, socio-economic indicators and contributors' indicators [19] . These studies analyse the intrinsic nature of OSM to mine information, including the relationship between data quality and the number of users [20] , volunteer confidence [20] , and the number of times OSM was edited [21] . However, an intrinsic approach cannot provide absolute surety concerning data quality; instead, some results act as relative indicators that make approximate statements [22] . Moreover, how to build a solid framework to assess VGI quality efficiently through intrinsic methods is still an open debate [19] .
As mentioned previously, quantitative and absolute analyses require reference data. One source of such reference data is vector-based authoritative datasets. However, in reality, such high-performing authoritative vector datasets are often inaccessible or expensive to obtain. Luckily, reference data can also be obtained by extracting information from non-vector reference datasets such as remote sensing imagery. Furthermore, due to the technical of remote sensing (e.g., satellite and aerial photography), the availability and accessibility of high-resolution remote sensing images have increased, which means that high quality non-vector reference data are much easier to obtain than authoritative vector data. Moreover, some sensors, such as the Digital-Globe WorldView satellites, can provide not only 3-band visible light data but also 8-band multispectral data leading to even higher non-vector reference data quality and better information. Building extractions [23] and road extractions from remote sensing images [24] , [25] have reached adequate performance levels, which are essential for immediate navigation map updating and urban planning.
Extracting objects (e.g., buildings, roads and trees) from remote sensing imagery can be addressed through binary or multi-classification techniques [26] . Over the past few years, deep convolutional networks have become a powerful tool for extracting information from images. With the rapid development of remote sensing technology and the good performance of fully convolutional networks (FCNs) and symmetrical convolutional networks (which have a ''U''-shaped structure and are thus termed U-net) [27] , extracting objects from images at the pixel level has been increasingly applied in remote sensing fields. Deep convolutional networks make it possible to extract both the structures and attributes of objects from images [28] . Although most of the objects can be observed clearly in high-resolution images, some object boundaries are still blurred by the shadows, and the sizes of buildings can appear different in different remote sensing images, which makes it difficult to extract buildings via FCNs [29] .
Previous researchers have provided useful insights into the various methods that can be used to assess OSM data quality. However, the indicators of intrinsic methods do not allow absolute statements on OSM data quality. External methods lack high quality authoritative vector data for assessing OSM data quality. In addition, some regions in OSM lack building data. To solve the above problems-considering that highresolution remote sensing imagery is easier to obtain than authoritative vector data-and bolstered by the encouraging performance of deep convolutional networks when extracting buildings from images, we propose a new method for assessing the quality of OSM building footprint data using high-resolution remote sensing imagery. The objective of this paper is to design a method that can achieve definitive quantitative statements concerning data quality without requiring authoritative vector data. The research scenario of this paper is as follows: our method first constructs a multitasking Res-U-Net (MRUN) and trains it using the remote sensing imagery and ground truth data as inputs. Then, the predictions of the trained model are post-processed to generate polygons tagged with geographical coordinates that represent building footprints. Completeness plays the dominant role, while shape similarity contributes the least when assessing the quality of OSM building footprint data [10] . Moreover, the extracted results lack semantic information. Thus, this work defines the local and global data completeness to assess OSM buildings in two aspects. Different methods of calculating positional accuracy are proposed in this work to make the assessment method more comprehensive. This method is capable of achieving a more complete and objective perspective on geospatial data quality. Moreover, the proposed method quantitatively assesses OSM data quality without requiring authoritative vector data.
The remainder of this paper is organized as follows. In Section II, we explain the materials used in this study, including the study area and the data pre-processing needed for quality assessments. In Section III, we introduce the proposed methods, describe how to extract buildings from remote sensing imagery and show how to use the results to assess the quality of OSM. In Section IV, we apply our model to the city of Las Vegas, Nevada, USA, assess the data quality of OSM for that city and then discuss and analyse the results. Finally, we present conclusions in Section V.
II. MATERIALS A. STUDY AREA
In this paper, the study area is the city of Las Vegas, Nevada, in the USA (Figure 1 ). High-resolution remote sensing imagery was utilized to validate the proposed method. This image was acquired at a 30-cm spatial resolution by the Digital-Globe WorldView-3 satellite in 2015. The dataset includes 3-band and 8-band multispectral data and is provided by SpaceNet on Amazon Web Services (AWS). To ensure a fair assessment, the OSM dataset was also collected in 2015. The study area of Las Vegas was selected for three reasons. First, this work studies how to use high-resolution remote sensing imagery to assess OSM data quality, and the remote sensing imagery dataset of Las Vegas is available to the public. Second, the study area in Las Vegas covers both commercial and residential areas, which is useful in demonstrating that the proposed method is generalizable to all land uses. Third, it clearly supports our claim that the extracted buildings can be imported into OSM in regions that lack OSM building data. Las Vegas, which is a famous city in the USA, is located in the southwestern extent of the country. The OSM map contains more than 4,000 building footprints. However, it is obvious that the number of buildings in the OSM map is smaller than the true number of buildings, which means that some building footprints are missing (see region A in Figure 2 ). Moreover, some building footprints are incomplete (see region B in Figure 2 ).
B. DATA PRE-PROCESSING FOR QUALITY ASSESSMENT
To assess the footprint data in OSM more precisely, data pre-processing is an important prerequisite when extracting information from remote sensing images and assessing data quality. In this study, data pre-processing was applied to the original OSM building footprints to remove noise from the original images, before preparing a training dataset suitable for the deep convolutional network.
1) DATA PRE-PROCESSING
Satellite images such as Digital Globe, Google satellite imagery, Bing map, etc., have previously been used in OSM for mapping. Most building footprints are digitized using imagery [10] , [13] , [30] . At the same time, the open geographical data in some regions have been imported to OSM. Manual building surveys acquired from GPS loggers are also treated as a source of OSM data; however, GPS errors affect the OSM quality. Therefore, the scale of OSM is related to the resolution of the imagery, the accuracy of the digital processing, and the performance of GPS devices; all these issues Figure 3b ). Moreover, OSM data are updated daily [5] , [13] , [31] via operations such as creating new objects, modifying existing objects and deleting redundant or wrong objects [32] . Thus, some buildings in OSM may not correspond with the reference data (see circle C in Figure 3b ).
In addition, because we treat the extracted results from the remote sensing images as the reference dataset, when two buildings are topologically adjacent, it can be difficult to recognize as separate buildings from the remote sensing imagery; thus, they can be extracted as a single building. Nevertheless, as described above, many matching relationships exist between the OSM and reference data, including situations in which one footprint in the OSM correspond to one footprint in the reference map (1:1), one footprint in the OSM corresponds to several (m) footprints in the reference map (1:m), and several footprints (n) in the OSM correspond to several (m) footprints in the reference map (n:m) and so on [10] . In addition, since OSM buildings are provided by the volunteers and anyone can edit the data, some building footprints may overlap each other despite such footprints being non-existent in reality. Therefore, a way to separate topologically adjacent OSM building footprints needed before accurate matching can occur.
In the original remote sensing imagery, some artefacts are always present in the 3-band visible light data, and every pixel in an image has a relationship with all its surrounding pixels. Therefore, to remove this salt-and-pepper noise from the corrupted image, a Gaussian filter is applied to blur the image before working with it in each of the bands: red, blue and green. The following filter function [33] is used to blur the images: where G (x, y) represents a circularly symmetrical function.
The blurred results of image I (x, y) can be written as
where H (x, y) represents the blurred result, and ⊗ represents the convolution operation.
2) PREPARING THE TRAINING DATASET
When remote sensing imagery of the entire study area is used as an input for the deep network to extract buildings, many parameters must be learned, which can overwhelm the available memory. Therefore, in this experiment, we partitioned the OSM and remote sensing imagery into cells; this makes the assessment quality more effective than treating the entire dataset as a whole [10] . Each cell of 650 × 650 pixels is treated as a sample, where each remote sensing imagery cell corresponds to a single cell in OSM and both have the same ID. The OSM data quality was quantitatively assessed by the data completeness and the positional accuracy of the buildings in every cell. The proposed MRUN is a supervised model; thus, its input data include both remote sensing imagery and ground truth data. To ensure that the proposed model detects buildings accurately and detects all building types, we trained two convolutional neutral networks with different tasks at different imagery scales. Therefore, two datasets were prepared to train the models: one of the datasets was obtained by resizing the original image to half the original scale, and the other was obtained by clipping the original image. The same operations were performed on the ground truth data.
III. METHODS
This work investigates how to use high resolution remote sensing imagery as reference data to assess OSM building data. We designed a method that allows absolute statements concerning data quality. To achieve the goal, the buildings must be extracted from imagery and compared with the buildings in OSM. The method includes four steps. First, buildings are extracted from the remote sensing imagery at the pixel level via the designed deep convolutional neural network. Then, the extracted pixels are converted into vector polygons with geographical coordinates as reference data. Third, the vector polygons are matched with OSM buildings. Finally, the OSM data quality is assessed using the designed absolute statement metrics.
A. DETECTING BUILDING FOOTPRINTS FROM REMOTE SENSING IMAGERY
Detecting building footprints from a remote sensing image to assess the quality of OSM includes two parts. First, the predicted pixel-level results of the two deep convolutional neutral networks at different scales are combined to predict a new result. Then, the results are post-processed, and the predicted pixel-level results are converted into polygons with geographical coordinates, which are treated as building footprints. Polygons whose area is below a specified threshold are removed because real tiny buildings are rare.
1) DETECTING BUILDINGS VIA DEEP CONVOLUTIONAL NEUTRAL NETWORKS
Recently, deep convolutional networks have significantly advanced image processing performance. Additionally, researchers have introduced deep neural networks computer vision that are suitable for applications ranging from whole-image classification [34] to pixel classification. Deep convolutional networks, a state-of-the-art tool in remote sensing, has been used to automatically build maps of geo-localized semantic classes (e.g., buildings, impervious surfaces, and vegetation) [35] . To extract buildings from remote sensing images more accurately for OSM quality assessment, in this study, we trained a multi-task model. The model, named MRUN (Figure 4 ), is modified under the extended architecture of ResNet [36] .
The Res-U-Net includes contraction and expansion, where contracting is designed similarly to ResNet for extracting features, and expansion is used to recover the objects identified by the extracted features. The input layer accepts an imagery sample and is followed by a convolution layer and a max pooling layer. The sliding window for the max-pooling operation is 2 × 2. These two layers are designed to improve the robustness of the network [37] . These are followed by four residual blocks in which the feature maps have the same size in every block. These blocks are half that of the previous ones in the contracting and the size are labelled at the top of the blocks in Figure 4(b) . The expansion and contraction are symmetrical. To obtain the features in multiple scales, each contraction stage is connected to the corresponding expansion stage [38] . The Conv_Block in expansion portion is designed to extract the buildings; it consists of a 3 × 3 convolution layer, a normalization layer and a rectified linear unit as well as an upsampling layer, which ensure that the output will have the same size as the input layer. Before the output, a 1 × 1 convolutional layer is used as a fully connected layer to map the feature maps into buildings and non-buildings.
The objective is to extract the buildings from remote sensing imagery as accurately as possible and assess the quality of the building footprint in OSM using the extracted results. Because the method aims to extract single objects (buildings), the image pixels are first classified into buildings and nonbuildings. Thus, binary classification appears to be a good option, and soft-max is used as the output layer. When training the network, we applied gradient descent [39] to minimize the energy function. The energy function in the network is defined by soft-max and cross entropy [27] . The soft-max is used to calculate the probability [27] and is defined as follows:
where a represents the output value of the last convolutional layer in the model and K represents the number of classes. Because our target is only buildings and non-buildings, K was set to 2 in this experiment. Here, yi reflects the probability of a sample belonging to class i. The energy function is defined as follows:
where N represents the number of samples in training dataset, y is the expected output and p is the probability mentioned above.
A large-scale image is helpful for extracting local information, while small-scale imagery is capable of extracting holistic information. The final results of MRUN were formed by combining two scales; this approach produced features at multiple scales and level and increased the robustness of the network. Thus, it provides more precise and objective information for assessing the quality of the OSM building footprint data.
2) POST-PROCESSING RESULTS
After classifying the remote sensing data into building and non-building pixels, several operations are necessary to ensure that the results can be used for assessing data quality. First, the results of the raster data are transformed into vector polygons ( Figure 5 ). This step can be accomplished with GIS tools (e.g., ArcGIS and the Geospatial Data Abstraction Library (GDAL)). In addition, many successful algorithms exist that can perform vector data conversions. Then, a threshold is introduced to remove polygons with too-small areas.
Since OSM building data have geographic coordinates, the extracted polygons cannot be used directly for quality assessments because they are expressed in pixel coordinates. Therefore, a transformation is needed to convert the coordinate system. To convert the geographical coordinates from pixel coordinates, MRUN input (original remote sensing imagery with geographical coordinates) is used as the reference data. Because the reference data have geographical coordinates that correspond to the extracted result, the conversion can be carried out based on the pixel width, the height and the upper-left corner geographical coordinates as follows:
where (xCoord, yCoord) is geographical coordinate and (xPix, yPix) is the corresponding pixel coordinate. (xOrigin, yOrigin) is the upper-left corner geographical coordinate of reference raster. PixW and PixH represent the pixel width and height, respectively.
B. BUILDING FOOTPRINTS IN OSM QUALITY ASSESSMENT
The previous sections described how to extract the results, but to assess the quality of OSM building data using reference data, some absolute quality metrics need to be defined and calculated. Before calculating the quality metrics, the building footprints in the OSM must be matched with the extracted results. The next section introduces how to match the building footprints and calculate the elements needed for quality assessment.
1) MATCHING CORRESPONDING BUILDING FOOTPRINTS IN OSM AND THE RESULTS
After pre-processing, as mentioned in Section II, the building footprints in OSM are matched with the corresponding extracted results via overlapping. This method determines whether the overlapping area between the extracted results and the OSM footprint is above or below a threshold (T 0 ) [40] . A pair of building footprints that match meet the following criterion:
2) DEFINING METRICS FOR THE BUILDING FOOTPRINT DATA QUALITY ASSESSMENT Some measurements must be calculated to assess the quality of the OSM; however, no individual quality assessment metric is suitable for the assessment model. Therefore, to assess the quality more comprehensively and clearly, this work utilizes several elements (including global data completeness, local data completeness and positional accuracy). Global data completeness is a measure of missing data, while local data completeness describes the degree of building completeness. The former describes the data from the region perspective, while the latter describes the data in the context of single building. These metrics are described below.
a: GLOBAL DATA COMPLETENESS
Global data completeness describes the data that are expected to be found or that should be included in the dataset but are missing. We apply true positive (TP) and false negative (FN) values in this paper, where the TP values reflect the matched footprints between the OSM and extracted results, and the FN values are footprint areas present in to the extracted results but that cannot be found in the OSM. Because OSM data are updated frequently, some building footprints in OSM may have no matched footprints in the extracted results (as mentioned in Section IV); these buildings are regarded as TP.
In this study, local data completeness is calculated by the ratio of matched buildings in both OSM and extracted results. Building footprints extracted from remote sensing images may be affected by trees near buildings; thus, their areas may be less than the true area. Moreover, the data of OSM are updated frequently. Therefore, this work assumes that an OSM building is complete if its area is larger than that of the corresponding extracted building. To ensure that the value of local data completeness fits in the range [0, 1], when the OSM building area is smaller than extracted area, the evaluation uses the ratio of OSM building and the reference; when the building area in OSM is larger than the extracted area, it is regarded as a complete building. To represent the building is complete (value is 1), the evaluation by ratio of building in OSM with itself. The local data completeness can be calculated as follows:
c: POSITIONAL ACCURACY VIA CENTROID DISTANCE Positional accuracy is used to evaluate the error in the geographical location of a building in OSM relative to that in the remote sensing image. In this method, the centres of the building footprints in each matched pair are calculated first; then, the positional accuracy of each matched building pair is calculated as the distance between the centres of the corresponding building pairs in OSM and reference data.
where PAC represents the positional accuracy based on centroid distance and CO and CF refer to the centre of the corresponding building footprints in OSM and extracted buildings from the remote sensing image, respectively. (Area (A, B) ) /Union (Area (A, B) ) (11) where PAO represents the positional accuracy via the overlap distance and Inter and Union refer to the relative area of overlap and the area of union between the corresponding building footprints in OSM (A) and the extracted buildings from the remote sensing image (B), respectively.
IV. RESULTS AND DISCUSSION

A. EXPERIMENTAL DATA PRE-PROCESSING AND PREPARING THE TRAINING DATASET
In the data pre-processing stage, all the RGB images were blurred to remove salt-and-pepper noise as discussed in Section II via the Python imaging library (PIL). During blurring, the kernel size of Gaussian filter in the experiment was 3 × 3. All the images and ground truth data were clipped into 8,086 cells with 650 × 650 pixels ( Figure 6 ). This experiment split all the data into two parts, where eighty percent were treated as the training dataset and used to train the deep neutral network, and the remaining twenty percent were treated as test dataset and used to evaluate the generated polygons and confirm the building footprints. Both the training and test datasets were pre-processed for MRUN as described in Section II. The OSM building data of study area were partitioned based on the imagery cells. Every imagery cell corresponds to an OSM cell, and the data completeness and positional accuracy of each corresponding pair were calculated to assess the OSM data quality.
B. EXTRACTING BUILDINGS BY DEEP NEUTRAL NETWORKS AND QUALITY ASSESSMENTS
The model was trained for 50 epochs. Training the MRUN updates the model parameters iteratively. In this step, an excellent optimizer is required to minimize the energy function. We adopted adaptive moment estimation (Adam) as the optimizer to energy function to update weights, biases and other parameters. Adam is one of the most widely used algorithms [41] in deep learning. Adam is an algorithm that performs first-order gradient-based optimization of stochastic objective functions based on adaptive estimates of lower-order moments.
After training on the prepared dataset, the MRUN can be used to predict whether a pixel is classified as building or non-building (Figure 7) . The model is able to extract almost all buildings, regardless of their shapes, which makes it useful for assessing the building footprint quality of OSM data. However, this method is limited to small buildings (the red circle in Figure 7 (b) and (e)).
To assess the quality of OSM building footprints based on the prediction results, a mask transform was used to generate the candidate polygons from the pixel groups (Figure 8 ). All the operations mentioned in the proposed method were automated and implemented through code, including the process of extracting the buildings from remote sensing imagery, converting the extracted building pixels to vector polygons and assessing the OSM data quality. In the experiment, the Python API, ArcPy of ArcGIS, was used to convert the extracted results into polygon format. All of these generated candidates are evaluated by a threshold; if the area is less than T , the candidate is removed (red circle in Figure 8 (b) ). The threshold T was set to 75 during extracting the final polygons in the experiments.
Having extracted the building footprints from the highresolution remote image in every cell, the results need to be matched with the corresponding building areas in OSM to assess the OSM quality using the absolute quantitative metrics defined in Section III. This work partitioned the OSM and remote sensing imagery into cells and calculated the absolute quantitative metrics for every cell, including local data completeness, positional accuracy via centroid distance and positional accuracy via the overlap method. To convert the various indices into common units, all the metrics were normalized to [0, 1]. A larger metric value represents better quality for an OSM cell. To show the results visually and continuously, we represent the quality using some discrete points. We applied inverse distance weighting (IDW) to the absolute quantitative metrics to generate a quality distribution map (Figure 9 ). There are five metric intervals in the map, colour variations from green to pink were used to visually represent the different quantitative results from low to high, respectively as illustrated in the legend of Figure 9 .
C. ANALYSIS AND DISCUSSION
The accuracy with which building can be extracted from remote sensing imagery directly affects the results of the OSM assessment. Overall accuracy (OA) essentially reveals what proportion were mapped correctly out of all of the reference sites, and it is the easiest to calculate and understand. Therefore, to display the role of multiscale processing in this work, we introduced the OA to measure the extracted results, which were calculated as mentioned in [42] . To display the role of MRUN with multiscale processing and assess the data at a fine-grained degree, we used the test dataset (1,282 samples) to validate the proposed method As shown in Figure 10 , the OA achieved a score of 0.9786. Moreover, the proposed model increases the robustness of building extraction because it can obtain multiple-scale features. Therefore, the proposed MRUN achieves good performance and can provide reliable reference data for assessing OSM building data.
When extracting the polygons from the predicted results of the deep neural networks, the threshold mentioned in Section III used to remove extracted polygons with tiny areas is important. Fewer buildings are extracted when the threshold is too large; otherwise, some noise can be mistaken for buildings. To obtain an optimal threshold, F 1 score was introduced to measure the extracted results, which takes into account the precision and recall of the classification model, and it can be calculated as follows:
where P represents precision and R represents recall, both of which can be calculated by an accumulated confusion matrix. We set the threshold to increase every 5 steps from 30 to 235 and calculated the F 1 score (Figure 11 ). The F 1 score increases before decreasing as the threshold increases, which is consistent with the theory that a small threshold may misidentify noise for buildings and that a larger threshold may cause some buildings to be ignored. Clearly, the best performance is achieved when the threshold is 75. The quality of OSM buildings is related to many factors [43] ; population density and data-collection devices used in the study area play important roles (e.g., those in Las Vegas (A) and Paradise (B) are relatively high). Some buildings in OSM data are digitized from remote images. Building density is also an indispensable factor that affects quality because it is more difficult to digitize high-density buildings than low-density buildings, as was evident in the northern part of the study area. On the other hand, the OSM data quality is usually excellent around universities [10] ; for this reason, experts or trained contributors of VGI generally provide high-quality volunteer data. The region near the University of Nevada in Las Vegas (C) clearly supports this viewpoint. All the postulations in this paper are supported by an examination of the evolution of the study area, as shown in Figure 9 .
In addition, this work analysed the number of samples for different quality metric intervals ( Figure 12 ). It is clear from the results in Figure 9 and Figure 12 that most of the matched buildings in OSM reflect good positional accuracy. More than 85 percent of the matched buildings have positional accuracy (via centroid distance) within the range of (0.8, 1]. In other words, regardless of how the building data in OSM are obtained-either by digitizing buildings identified in remote sensing imagery or by manually surveying buildings using GPS loggers-they possess good positional accuracy. On the other hand, although the accuracy of extracting buildings from remote sensing images can reach 97.86% at the pixel level, the process still fails to detect some buildings, which causes the number of extracted buildings to be slightly less than the true number. However, the error is small, and it always appears in small, dense building districts; therefore, the extracted buildings can still be used to estimate the quality of OSM building footprints.
Based on this analysis, some regions lack the building footprints shown in OSM, but in these regions, the method proposed in this paper still clearly extracts most buildings. We analysed the building densities of the extracted results and those of the OSM in every cell ( Figure 13 ) and found that they are highly consistent. In addition, the number of samples at different density levels for the extracted results from remote sensing imagery and OSM are listed in Table 1 . Clearly, the proposed method can extract buildings not only in business zones but also in residential districts, while many buildings in the regions northwest of Las Vegas are missing from the OSM data. In addition, the extracted buildings can also be regarded as a data source for calculating the number and density of buildings in a region. However, the extracted results can be treated only as a supplement in geometric form and can never replace the OSM or other VGI in the city maps because no matter how high the accuracy becomes, some attribute cannot be extracted from remote sensing imagery, such as the building's name, height, category and so on.
As technology develops, more satellites are being launched, which makes it easier to access high-resolution remote sensing imagery. Although some satellite data are purely commercial, many datasets are available for free, such as the ISPRS dataset [44] , SpaceNet dataset [45] . some imagery product samples from DigitalGlobe [46] and so on. Moreover, some products, including Google Earth and Bing Map, can also be treated as data sources. All of these datasets can be beneficial for assessing OSM quality.
V. CONCLUSION
VGI has been increasingly utilized all over the world, and data quality is important to meet specific needs or fulfil specific requirements. This study provides a new approach to assessing spatial data quality of OSM. To eliminate vector data constraints and take full advantage of raster imagery, this paper assesses OSM building footprints using the result extracted from a high-resolution remote sensing image. To obtain precise footprints, this study proposed the MRUN model to detect buildings and remove noise based on a threshold. To assess quality, both data completeness and positional accuracy are calculated. The MRUN is trained by the dataset with the remote sensing imagery as well as the ground truth labelled by human being. Once the MRUN has been trained, it can be used to extract buildings from other regions of remote sensing imagery, as long as the imagery has the same resolution as the training dataset. Therefore, to assess OSM data quality without human being label, the trained MRUN can be used to extract buildings automatically, and the output of trained MRUN can be used as a reference map to assess the quality of the OSM. In other words, a well-trained MRUN model can be used directly to assess VGI data for other purposes.
The Las Vegas data were selected specifically for the purpose of assessing the proposed model. The experiments analysed the quality of OSM building footprints in terms of both positional accuracy and completeness (Figure 9 ). In contrast to the methods used in other research studies, the experimental results were executed using remote sensing imagery and OSM. The proposed method can also be used in regions without a reference vector dataset because most of the high-resolution remote sensing images (e.g., the WorldView, QuickBird, and even airborne imagery) are easier to access than large-scale geospatial vector data. OSM is a popular VGI project, and many factors determine the quality of OSM data; nevertheless, all these factors clearly correspond to the assessment results (Figure 9 ), as illustrated by the quality distribution map.
Based on the extracted results, not only can the quality of the VGI building footprints be assessed but the results could also be used as a new data supplement for applications such as city planning. Our results will benefit researchers who require reliable building data in OSM. The results can also benefit city planners who need to assess building density. However, limited by the features of remote sensing images, some buildings in the image have an oblique incidence angle, which results in some buildings overlapping with each other. In addition, some building edges are obscured by trees. Although multi-spectral imagery was used in the proposed method, spectral and radiometric errors may cause the proposed approach to fail to extract the true edges of some buildings, which, in turn, makes it difficult to evaluate building footprints based on their shapes. Therefore, this paper assesses quality based on data completeness and positional accuracy metrics. In future work, we plan to study how to extract buildings more accurately and with more shape information from high-resolution remote sensing imagers via deep learning, which will allow a more comprehensive assessment of OSM. In addition, further improvement may be achieved by combining the proposed MRUN with a filter in an end-to-end model, which would combine the advantages of preserving boundaries and decreasing the salt-and-pepper class noise whilst also being convenient to train. This paper only studies how to assess OSM quality. Next, we will take into account the necessary precautionary measures to improve the positional accuracy of OSM data.
